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The P300 event-related potential (ERP) is closely related to cognitive processes such as: attention,
working memory, consciousness, among others. This signal has been shown to have a large variability
that occurs independently of the subject or the cognitive process being assessed. Detecting and char-
acterizing this variability is important for understanding cognitive changes and using this knowledge
to improve the performance of P300-based brain-machine interfaces (BCIs).
There are several studies that have shown that the cognitive processes associated with P300 signal
generation are highly variable between subjects, as this variability depends on factors such as: atten-
tion level, memory, age, experimental characteristics, and so on, but also that variability exists within
the same subject when the same task is performed in different time periods.
For this project, a study and analysis of inter- and intra-subject variability is proposed by character-
izing the P300 signal according to the specificities of each subject. For this purpose, an experimental
study is proposed to be performed in the laboratory of the Biological Neurocomputation Group (GNB)
of Autonomous University of Madrid on 12 subjects, using the oddball paradigm to generate visual
P300 ERP by electroencephalography (EEG).
The proposed experiment was designed to evaluate variability in different circumstances: i) vari-
ability between the different subjects, ii) variability within the same subject during the 3 proposed
experimental days, and iii) variability determined by the difference between the two helmets consid-
ered for the experiment due to their design and repositioning on the different experimental days. Two
EEG helmets were used for this study: Enobio 8 and g-Tec g.USBAmp with dry electrodes.
For the analysis, the characterization of the signals was first performed, and the cosine distance was
calculated using the coefficient of determination (r2) results for each subject to show the difference
between the P300 and non-P300 signals. In addition, a selection of electrodes using the Bayesian
Linear Discriminant Analysis with an exhaustive search of electrodes by ”forward selection” (BLDA-
FS) is proposed to determine how the selected electrodes vary for each subject or experimental day.
After characterizing the behavior observed in the different subjects, it can be concluded that vari-
ability is widespread and undeniable both between subjects and within the same subject when per-
forming the same task on different days. This variability is highly related to the underlying neural
activity of each individual as well as to the experimental characteristics.
Moreover, the study of intra-subject variability has allowed us to observe how the results differ
between the two helmets used for the experiment, highlighting that the difference between the ac-
curacy values in the detection of P300 calculated for both helmets in the analyses performed is not
representative.
The exploratory variability analysis performed allowed the attainment of a configuration that
reached accuracy values up to 76.10 % for the Enobio helmet and 79.34 % for the g-Tec helmet,
both with passive and active dry electrodes. It was also found that not accounting for variability can
degrade the performance of a BCI system.
Key words — Brain-Computer Interface, Enobio 8, g-Tec g.USBAmp, dry electrodes, electroen-
cephalogram, Oddball paradigm, event-related potential, P300, variability, coefficient of determina-
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El potencial relacionado con eventos (ERP) P300 está estrechamente relacionado con procesos
cognitivos como: atención, memoria de trabajo, conciencia, etc. Se ha demostrado que esta señal
tiene una gran variabilidad que se presenta independientemente del sujeto o del proceso cognitivo
que se evalúe. Detectar y caracterizar esta variabilidad es importante para comprender los cambios
cognitivos y utilizar este conocimiento para mejorar el rendimiento de las interfaces cerebro-máquina
(BCI) basadas en P300.
Existen varios estudios han demostrado que los procesos cognitivos asociados a la generación
de la señal P300 son muy variables entre sujetos, ya que esta variabilidad depende de factores como:
nivel de atención, memoria, edad, caracterı́sticas experimentales, etc., pero también que la variabilidad
esta presente dentro el mismo sujeto, cuando la misma tarea se lleva a cabo en diferentes perı́odos de
tiempo.
Para este proyecto, se propone un estudio y análisis de la variabilidad inter e intra-sujeto mediante
la caracterización de la señal P300 según las especificidades de cada individuo. Para ello, se propone
un estudio experimental, realizado en el laboratorio del Grupo de Neurocomputación Biológica (GNB)
de la Universidad Autónoma de Madrid, sobre 12 sujetos utilizando el paradigma Oddball para la
generación de ERP P300 visuales mediante electroencefalografı́a (EEG).
El experimento propuesto fue diseñado para evaluar la variabilidad en diferentes circunstancias:
i) la variabilidad entre los diferentes sujetos, ii) la variabilidad dentro del mismo sujeto durante los 3
dı́as de experimentación propuestos, y iii) la variabilidad determinada por la diferencia entre los dos
cascos considerados para el experimento, debido a su diseño y al reposicionamiento de estos en los
diferentes dı́as de experimentación. Para este estudio se utilizaron dos cascos EEG: Enobio 8 y g-Tec
g.USBAmp con electrodos secos.
Para el análisis, la caracterización de las señales se realizó en primera instancia, mediante la dis-
tancia del coseno basada en los resultados del Coeficiente de Determinación (r2) calculado para cada
sujeto para mostrar la diferencia entre las señales P300 y no P300. Además, se propone una se-
lección de electrodos utilizando el Análisis Discriminante Lineal Bayesiano mediante una búsqueda
exhaustiva de electrodos a través de ”forward selection” (BLDA-FS) para determinar cómo varı́an los
electrodos seleccionados para cada sujeto o dı́a de experimentación.
Después de caracterizar el comportamiento observado en los diferentes sujetos, se puede concluir
que la variabilidad esta ampliamente presente y es innegable, tanto entre sujetos, como dentro de un
mismo sujeto al realizar la misma tarea en diferentes dı́as. Esta variabilidad esta altamente relacionada
con la actividad neuronal subyacente de cada individuo, ası́ como también, con las caracterı́sticas
experimentales.
Además, el estudio de la variabilidad intra sujeto ha permitido observar cómo difieren los resulta-
dos entre los dos cascos utilizados para el experimento, destacando que la diferencia entre los valores
de precisión en la detección de P300 calculados para ambos cascos en los análisis realizados, no es
representativo.
El análisis exploratorio de variabilidad llevado a cabo permitió obtener una configuración que
alcanzó valores de precisión de hasta 76,10 % para el casco Enobio y 79,34 % para el casco g-Tec,
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ambos de electrodos secos pasivos y activos respectivamente, además se ha podido observar que no
considerar la variabilidad puede deteriorar el rendimiento de un sistema BCI.
Palabras clave — Interfaz Cerebro-Computador, Enobio 8, g-Tec g.USBAmp, electrodos secos,
electroencefalograma, paradigma oddball, potencial relacionado con eventos, P300, variabilidad, co-
eficiente de determinación en P300, Análisis Discriminante Lineal Bayesiano, búsqueda exhaustiva
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A Brain Computer Interface (BCI) is based on neural activity used as a non-muscular channel for the
interaction of a subject with its environment (Allison et al., 2007, Guger et al., 2001, Wolpaw et al.,
2002). In many cases, event-related potentials (ERPs) have been used as control signals for BCIs,
with the P300 signal considered the most relevant for this application (Donchin et al., 2000, Sellers
and Donchin, 2006).
The signal P300 event-related potential (ERP) is elicited by the oddball paradigm (Donchin and
Coles, 1988), which consists of detecting the presence of an infrequent stimulus from a group of
stimuli, generating attentional processes that control the perception of the stimulus change.
Cognitive processes associated with P300 signal generation are highly variable. Several studies
have shown that this variability is influenced by factors, among which the following can be mentioned:
attentional level (Polich, 1996), memory (Donchin, 1981), experimental characteristics (C. Guo et
al., 2006, Duncan-Johnson and Donchin, 1977, Isreal et al., 1980), Inter-Stimuli Interval (Fitzgerald
and Picton, 1981), electrode location (Alexander et al., 1996), pathological conditions (Sellers and
Donchin, 2006), age (Houlihan et al., 1998, Emmerson et al., 1989), Polich, 1996), gender differences
(Vaquero et al., 2004), etc.
In (Dixon et al., 2004) a variability classification is suggested, for this study, the inter-and intra-
subject variability will be considered. According to (Hale et al., 1988), inter-subject variability refers
to the differences between individuals measured in a single occasion or a single task, while intra-
subject variability (S. Li et al., 2001) is defined as the differences found in measuring a single person,
in a single task, on multiple occasions.
In several studies (Hertzog et al., 1992, Gordon and Carson, 1990), it has been shown that large
intra-subject variability occurs in cases where some kind of underlying neural pathology is present. A
comparative analysis between healthy subjects and subjects with dementia was conducted in (Hultsch
et al., 2000), the results suggest that intra-subject variability remained relatively stable over time in
healthy subjects, but in subjects with a pathology intra-subject variability was much higher, suggesting
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CHAPTER 1. INTRODUCTION
that this variability is an indicator of impaired neurological mechanisms.
Regarding inter-subject variability, it is shown in (Reinhart et al., 2011, Ou et al., 2012, Polich,
1997), that P300 signal have high inter-subject variability due to age, pathological conditions, gender
differences, electrode location, etc.
To reduce inter-subject variability, several techniques have been proposed, such as specific classi-
fication models (S. Lu et al., 2008), a classifier calibration strategy (Xu et al., 2016), characterization
of the evolution of voltage deflections for electrode selection (Changoluisa et al., 2020,Changoluisa
et al., 2018), and so on.
These results suggest that studies of inter- and intra-subject variability should be considered when
analyzing BCI. Their correct interpretation may be the key to suggesting strategies that improve the
performance of BCI systems, and may also lead to identifying neural pathologies in individuals and
understanding underlying cognitive processes in brain function. Therefore, this project proposes to
investigate and characterize this inter-and intra-subject variability in ERP generation, focusing on the
P300 signal.
1.2 Aim of study
The present project proposed as a Master’s thesis consists of a theoretical and experimental investiga-
tion of P300 Event Related Potentials (ERPs) in the context of brain-computer interfaces. The project
is divided into two parts, the present document corresponds to the second part and focuses on an ex-
perimental investigation of inter-and intra-subject variability based on electroencephalogram (EEG)
recordings.
The aim of this study is to obtain the data to be analyzed in the first phase of the experiment, which
will later serve as the object of study. After obtaining the data, it is proposed to analyze the difference,
in terms of accuracy, between a general analysis and a specific analysis of behavior between subjects
and within the same subject. To achieve this, the following secondary objectives are proposed:
• Analyze the characteristics of the experiment to be conducted in detail, in addition to the con-
siderations necessary for proper data acquisition.
• Examine the data obtained after preprocessing to determine the general characteristics for each
subject in terms of precision.
• Propose strategies for analyzing the data obtained, moving from generality to specificity, i.e.,
from an analysis of inter-subject variability to an intra-subject analysis.
• Establish metrics to characterize the differences and similarities found in the analyzes.
1.3 Memory structure
This memory comprises five chapters distributed as follows:




• Chapter 2 of this document contains a detailed description of the variability concepts, signal
acquisition, and other topics on ERPs and oddball paradigms that were not mentioned in Part 1
(Salazar, 2020). The concepts discussed in this chapter are considered necessary to understand
the study conducted in this document.
• The experimental setup, signal processing, and intended variability study are described in detail
in Chapter 3.
• Chapter 4 presents the results obtained from the experiments and the variability analysis for
each approach considered.
• Finally, Chapter 5 describes the conclusion and discussion arising from the proposed project.
• At the end of the document are appendices that providing detailed information on the analyzes
performed.




This chapter describes the concepts deemed necessary to better understand the proposed project.
It starts with an overview of variability, as it is the main topic on which the research focuses. First, it
is mentioned in general terms and then related to the P300 signal, since it is the signal of interest.
Next, a brief introduction to the P300 signal will be given to explain the oddball paradigm in detail
as this is the paradigm that will be used in the experimental part. Finally, the signal acquisition devices
are considered focusing on EEG, as this is the device used for signal acquisition in this project.
2.1 Variability Analysis
It is essential to recognize the omnipresence of variability to understand it (Cobb and Moore, 1997),
variability exists and is present in everything and everywhere. This recognition leads to the search
for the possible sources that define this variation in the context of the study. To this end, this section
briefly defines variability, focusing on ERPs.
Variability analysis can be defined as a comprehensive assessment of the degree and character of
patterns of variation over time intervals (Bravi et al., 2011). This analysis found applications in many
different research fields (Ho et al., 2008, Aranzana et al., 2002, Tarvainen et al., 2009, Siegler, 2007).
According to (Siegler, 2007) variability in relation to cognition exists not only at the neural and
associative level, but also at the level of higher-level rules, strategies, and cognitive theories, i.e.,
variability exists and is present independently of the cognitive process or subject, but also within a
single subject solving the same problem at close intervals. Recognizing this variability is important to
accurately understand cognitive change (Damon et al., 2006).
Several studies have shown that ERPs allow the assessment of human cognitive processes with
high temporal resolution (Donchin et al., 2000, Donchin and Coles, 1988). Experiments conducted
to assess the behavior of ERPs using EEG are usually performed on multiple subjects and in multi-
ple sessions. This information is generally processed using the averages method, which consists in
averaging the different sessions and analyzing them in groups with the same experimental conditions,
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from which the extraction of certain features that allow some generalization of the model is desired.
However, a general analysis without considering the characteristics of the different sessions loses
information that might be relevant for describing the underlying cognitive process in different subjects
or even within the same subject in different time periods. One of the main components of ERPs that
allows a clearer interpretation of processes associated with cognition, such as attention, is the P300.
This is the signal that will be used for this study.
2.1.1 Variability and P300
One way to obtain P300 ERPs is through the well-known oddballl paradigm. This paradigm consists
in detecting the presence of a rare stimulus from a group of stimuli, i.e., the P300 component reflects,
by positive or negative voltage deflections, an underlying brain activity induced by the presence of a
stimulus. This requires the subject to make a comparison between the stimulus to be discriminated,
i.e., the ”target” stimulus, and the other stimuli, thereby generating attentional processes that control
the perception of the stimulus change. In (Polich, 1996) it is shown that the amplitude of the P300
signal is directly influenced by the level of attention during task development.
It is hypothesized that the properties of the P300 signal, such as amplitude or latency, depend
strongly on the individual characteristics of each subject as well as on the characteristics of the exper-
iment (Polich et al., 1990, Polich, 1996, O’Donnell et al., 1987, O’Donnell et al., 1990, J. Lu et al.,
2013, Intriligator and Polich, 1995). The cognitive processes involved in the generation of a P300
signal are highly variable not only between subjects but also within a subject.
These differences between subjects become a limitation in terms of generalization. For this reason,
variability is an essential parameter to consider in order to improve the characteristics of a BCI system,
whose goal is adaptability in addition to high accuracy. There are several proposed classifications of
the existing types of variability (Alwin, 1994, Stuss et al., 1994, Nesselroade and Featherman, 1997),
but three types are proposed as the most relevant (Dixon et al., 2004) :
• Differences between individuals measured on a single occasion or task are referred to as inter-
individual or inter-subject variability (Hale et al., 1988), also called diversity.
• The second type proposed is intra-individual or intra-subject differences or dispersion. This is a
consideration after evaluating the variability in the performance of a single subject, only once,
in many tasks (Christensen et al., 1999).
• The third type of variability is defined with the condition of measuring a single person, in a
single task, in multiple occasions. The variability that exists between occasions is called intra-
individual or intra-subject variability (S. Li et al., 2001).
For this study, we will focus on inter-subject variability and intra-subject variability. It is impor-
tant to consider the variability caused by the repositioning of the helmets on the different experimental
days, which is analyzed in the intra-subject variability type. Despite careful preparation of the experi-
ment, it is very likely that the electrodes will not be in exactly the same positions when the helmet is
repositioned as they were last time. It must also be considered that there is variability between helmets
as the construction, material, and design varies from brand to brand.
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2.1.2 Intra-subject variability
In neuroscience, it is common to study patients with neurological disorders who have not only low
performance scores but also inconsistencies between measurements. In (Hertzog et al., 1992), it is
hypothesized that large intra-subject variability in a subject indicates fluctuations between individuals
mental states. In contrast, in (Gordon and Carson, 1990), high levels of intra-subject variability are
found in Alzheimer’s disease. A comparative analysis between healthy subjects and subjects with
dementia was conducted in (Hultsch et al., 2000), the results suggest that in healthy subjects, intra-
subject variability remained relatively stable over time, but in subjects with a pathology the levels of
intra-subject variability were much higher, suggesting that this measure is an indicator of impaired
neurological mechanisms.
In (Ouyang et al., 2017a), intra-subject variability in P300 ERPs is analyzed in a single trial,
noting that ERP dataset processing typically uses large sets of trials that are expected to exhibit similar
behavior, generally trials are averaged to analyze these data, but this procedure results in ignoring the
variability that exists between the brain activity associated with each trial. For this reason, a trial-by-
trial analysis is performed to show the differences between trials.
In (Blankertz et al., 2011) significant differences in cognitive processes between trials were shown,
furthermore in (Verleger, 1997) the differences between trials regarding latency were analyzed. Stud-
ies that are considered representative have been described, but there are many more studies that related
to this type of variability. These results suggest that the measure of intra-subject variability should not
be ignored when analyzing a BCI system. Its correct interpretation may be the key to suggest im-
provements for BCI systems or, on the other hand, to identify pathologies in individuals.
2.1.3 Inter-subject variability
In (Reinhart et al., 2011, Ou et al., 2012, Polich, 2007) it is shown that the P300 wave has high inter-
subject variability. Subject-related characteristics may be a cause of inter-subject variability, including
age, pathological conditions, sex differences, electrode locations, etc.
One of the cases that has been studied to characterize inter-subject variability are neural networks
that control cognitive processes. Because of the underlying structures, it is important to remember
that they are not static, these structures vary and are reconfigured based on various factors such as:
Intelligence (Schultz and Cole, 2016), cognitive activities like learning (Bassett et al., 2011), resting
state (R. Zhang et al., 2015), depending on the task set (Cole et al., 2014), etc.
In (F. Li et al., 2020), a strategy defining multiple regions of interest (ROIs) is proposed to ana-
lyze this variability between activated and deactivated neural networks in each subject compared to a
cognitive process. Several techniques are proposed to reduce inter-subject variability. In (S. Lu et al.,
2008), a specific classification model is proposed that requires a training phase to adapt the system to
each subject. In a second instance, the inclusion of a new subject in the evaluation is achieved only
by learning over a subset of the measured data. The results show that this approach minimizes the
inter-subject variability.
On the other hand, considering the existing variability in the amplitude and latency of the elicited
signals in each electrode, as shown in (Ouyang et al., 2017b, Polich, 2007), a methodology is proposed
in (Changoluisa et al., 2020), to characterize the evolution of the voltage deflections, this character-
ization can be applied to the selection of electrodes, as shown in the study, which in turn can be
Theoretical and experimental study of P300 ERP in the context of Brain-computer interfaces. 7
CHAPTER 2. STATE OF ART
considered as a selection of features. The proposed methodology not only improves the accuracy of
the classification, but also reduces the variability between subjects, maximizing the adaptability of the
BCI system. Moreover, the proposed methodology proves to be simple and reduces computational
cost. In a similar study (Changoluisa et al., 2018), based on the analysis of cumulative peak differ-
ence is used as an intrinsic ERP feature for electrode selection. This proposed method contributes to
the management of variability, both inter- and intra-subject, in addition to improving the accuracy of
classification.
Finally, in (Xu et al., 2016), a classifier calibration strategy is proposed using inter- and intra-
subject information to improve classification accuracy. Following the preceding information, it is
important to recognize the importance of measuring inter-subject variability in the context of BCI.
Knowing its value can help not only to implement strategies that improve BCI performance, but also
to understand the underlying cognitive phenomena and brain function.
2.2 The P300-ERP
As mentioned earlier, the P300 signal is a positive deflection that can be detected in EEG recordings.
It occurs with a latency of about 300 ms after the occurrence of a stimulus under certain experimen-
tal conditions, this latency value can vary in a range of 250-750 ms, depending on the individual
characteristics of the subject and the experiment (Comerchero and Polich, 1999).
In several studies, the oddball paradigm is used by researchers for experimental tasks because good
amplitude and latency values can be obtained with the P300 signal (Alexander et al., 1995, Furdea et
al., 2009, van Dinteren et al., 2014). The specific experimental conditions necessary to obtain a P300
signal from the odd ball paradigm are described in detail below (Donchin and Coles, 1988).
2.2.1 The Oddball Paradigm
As described in Part 1 of this project (Salazar, 2020), the P300 ERP signal is a positive deflection
generated after the detection of a stimulus is noticed. Typically, this signal is elicited by the oddball
paradigm, which consists of presenting a target stimulus within a group of non-target stimuli. When
the subject identifies this target stimulus, a P300 signal is generated. This is only possible if the subject
is actively engaged in the assigned recognition task (Picton, 1992).
Studies have shown that the amplitude of a P300 signal increases with the improbability of the
target stimulus and with the relevance of that stimulus relative to non-target stimuli (Wickens et al.,
1983,Isreal et al., 1980 ). In (Duncan-Johnson and Donchin, 1977), it was shown that the amplitude
of a P300 is inversely proportional to the probability of the target stimulus; this can be achieved by
specific experimental conditions that make the task difficult or fast enough to redirect the subject’s
attention to the desired task of identifying the target stimulus.
When we speak of probability, we can refer to a temporal probability or a stimulus probability,
i.e., how likely is it in the first case that a target stimulus will occur in a given period of time, or how
likely is it in the second case that the stimulus will occur after a given number of non-target stimuli.
In (Fitzgerald and Picton, 1981) it is suggested that the P300 is more related to temporal probability,
for which the consideration of Inter-Stimulus Interval (ISI) is an elementary factor in experimental
design.
8
CHAPTER 2. STATE OF ART
With these considerations, we know that the goal of the experiment to elicit P300 ERPs is to create
the necessary conditions to maximize the difference between target and non-target signals. With this
idea, several types of experiments have been proposed. For this analysis, we will divide them into
visual paradigms and non-visual paradigms.
2.2.1.1 Visual P300 Paradigm
In (Fazel-Rezai et al., 2012), a summary of visual paradigms is presented, and those considered most
relevant are discussed in more detail below.
Row/Column
This is the most common experimental paradigm for eliciting a P300. It was presented by (Farwell
and Donchin, 1988), as Farwell and Donchin speller BCI. The Row/Column System (RC) consists of
a 6x6 dimensional matrix containing letters and numbers on a computer screen, each row/column is
flashed randomly, the subject must fixate on one of the symbols shown and silently count how many
times that stimulus appears. A P300 is elicited each time the subject locates the selected symbol, i.e.,
an implicit target stimulus, among the non-target stimuli. This experiment is a reference for studies
on BCI systems, due to the positive results and the fact that it does not require extensive training.
In any case, there are authors who point out that this system is more efficient when a fixed stimulus
or target is established, since the gaze has a lot to do with the performance of the system (Brunner
et al., 2010, Treder and Blankertz, 2010). The investigation was conducted with the aim of improving
the system to achieve better results it was improved and modified. Some of these newly proposed
systems are described below.
Single Character
This system, unlike the traditional system, RCs flash independent characters with longer delays
than RC. In the Single Character system (SC), the duration of a character is 60 ms with an interval of
40 ms between images, twice as slow as RCs, but larger P300 amplitudes could be detected than in
the previous case (Guger et al., 2009).
Checkerboard
The design of the checkerboard system (CB) consists of an 8x9 matrix composed of black and
white squares, with the symbols of each matrix flashing randomly and the two colors merging. The
CB system aims to eliminate the repetition of elements displayed one after the other and, moreover,
to reduce distraction, that is, images that can confuse the user and provoke a reaction as if they were
target symbols. This is possible because this system separates the rows and columns of the matrix, in
addition to the fact that it is not allowed to perform simultaneous adjacent flashes. It was shown in
(Townsend et al., 2010), that this system has improvements in precision compared to the RC paradigm.
Region-Based
The Region-Based system (RB) proposed by (Fazel-Rezai et al., 2012) eliminates the idea of
rows and columns previously considered, and instead flashes multiple blinking regions with grouped
symbols. Character recognition is done at two stages. In the first, groups are formed and are located
in different regions of the screen, the subject is asked to select a symbol and must identify it within
the 7 groups that appear, if the subject can identify it a P300 signal is generated.
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In the second stage, the characters of a selected group are distributed in different regions of the
screen, each symbol flashes and the subject must identify the selected symbol (Fazel-Rezai et al.,
2011). In (Fazel-Rezai et al., 2011), it is shown that the RB system reduces the effect of ”near-target”
error due to the distribution of symbols on the screen.
Alternative Visual paradigms
So far, systems similar the RC and RB systems have been analyzed, with certain variations and
the RB system, which proposes a new approach based on regions. In this section, we analyze new but
less common systems used to elicit a P300 ERP, also based on the oddball paradigm.
One of the approaches that stands out is the one proposed by (F. Guo et al., 2008). The proposed
system has five possible targets, namely left, right, up, down and enter commands of a virtual key-
board. This system replaces the flashes with motion. Under each of the five stimuli, there is a vertical
bar that moves at random intervals. In (Hong et al., 2009), a system based on matrices and flashes
is compared with the moving bar system proposed by (F. Guo et al., 2008), showing that the moving
stimuli cause stronger early components (N200) than the flashing stimuli.
In (Piccione et al., 2006) a new visual stimulus is proposed consisting of four arrows (up, down,
left and right) randomly presented along the screen, subjects were asked to look only at the arrow
indicating the direction of a moving object. This proposal required a short training period to achieve
good performance. It was possible to observe through the results that the performance in subjects with
some sort of pathology was lower than that of healthy subjects.
Finally, in (Hoffmann et al., 2008) a similar paradigm for eliciting P300 is proposed, consisting of
six choices of images shown in random order, with an ISI of 400 ms. For this experiment, participants
with a certain degree of disability and subjects without known pathologies were used. After detailed
experimental development, a precision of 100% was achieved in the detection of P300 signals was
achieved in 4 of the 5 disabled subjects.
The results show the success achieved with the experimental design, compared to other visual
paradigms. This can be attributed to the number of images presented to the participants, after com-
paring it with the study conducted in (Picton, 1992) and (Sellers and Donchin, 2006) in the visual
paradigm, and considering the theory of (Duncan-Johnson and Donchin, 1977) explained previously,
according to which a larger amplitude is attributed to the P300 signal when the probability of occur-
rence of the target stimulus is low. In addition, compared to the previously explained P300 speller,
replacing the area of the matrix with the multiple options presented by a single image is thought to
improve subjects’ ability to focus on the stimuli and improve their concentration on a single item,
which is beneficial for participants with visual impairments.
2.2.1.2 Non-Visual P300 Paradigm
Despite the successes shown in visual paradigms (Brunner et al., 2010, Treder and Blankertz, 2010),
performance levels have been shown to be largely dependent on vision (Kaufmann et al., 2013) sug-
gesting that many potential users of BCI systems who have visual impairments or limitations in eye-
muscle control may have difficulty performing these types of experiments. For this reason, BCI sys-
tems that do not depend on vision have been proposed.
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Tactile modality
Based on the idea that tactile stimuli can successfully elicit an ERP (Ito et al., 1992, Satomi et al.,
1995), a tactile system is presented in (Brouwer and Van Erp, 2010) using a vest with multiple vi-
bration sources called tractors. Throughout the experiment, several vibration patterns were presented,
with one particular pattern as the target, and the other patterns as distractors. With this study, it was
found that it is feasible to implement a BCI system based on a tactile paradigm.
In (Serrano-Marugán et al., 2014), a tactile system is also presented that, unlike the previous case,
presents the stimulus for the hands and not for the thorax. This experiment was conducted with a group
of blind children, presenting two stimuli consisting of horizontal and vertical lines. Considering the
horizontal line as the target stimulus, which was presented with a probability of 20% throughout the
experiment, a sufficient probability to elicit a P300 (Johnson and Donchin, 1978). The results showed
the feasibility of using a tactile system to generate P300 signals in subjects with visual impairment.
In addition to the cases described, there have been other studies based on BCI systems using a
tactile paradigm, with results as successful as those using a visual stimulus (Cao et al., 2018, Guger
et al., 2017, Yamaguchi and Knight, 1991, Cincotti et al., 2007), noting that systems with tactile
stimulation require a longer training period.
Auditory modality
As in the previous case, due to the need to adapt BCI systems to users with visual impairments
and because, as shown in (Hillyard et al., 1973, Halder et al., 2010), the potentials evoked by auditory
stimuli have relevant properties, some BCI systems based on auditory stimuli are proposed.
For auditory stimuli, two modalities are considered: the binary modality, where subjects can
choose between only two responses (Hill et al., n.d.), and a muti-class approach, where there are
more than two stimuli (Furdea et al., 2009, Klobassa et al., 2009).
One of the first studies conducted is that of (Sellers and Donchin, 2006), this experiment consisted
of a stimulus paradigm with four options (’YES’, ’NO’, ’PASS’, ’END’), the subject was asked to
consider the stimuli ’ YES and ’NO’ in response to a posed question, which had a probability of
25%. Although it was not compared with visual methods, it was found that this paradigm could be
successfully applied to the target users, which in this case consisted of subjects with amyotrophic
lateral sclerosis (ALS) and subjects without known pathologies.
Other similar auditory systems elicit an ERP based on discrimination of a target stimulus from
”pips”, this type of experiment is used for N1 or P2 signals (Schwent et al., 1976, Honjoh and Okita,
1981, Okita, 1979).The study conducted in (Furdea et al., 2009, Baykara et al., 2016, Klobassa et al.,
2009) is an adaptation of the speller paradigm, to auditory tasks for P300 ERPs. In (Kaufmann et al.,
2013) a comparative study between visual, tactile, and auditory modality systems is proposed.
2.2.2 Signal acquisition devices
As described in Part 1 of this project, signal acquisition can be performed by a variety of techniques,
which are classified into three groups depending on the degree of invasiveness: invasive acquisition
techniques, partially invasive acquisition techniques, and non-invasive acquisition techniques. In this
case, we will focus on non-invasive techniques.
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2.2.2.1 Non-Invasive acquisition techniques
This technique uses sensors that are located on the scalp. In (Nam et al., 2014), two methods of
acquisition of non-invasive signals can be distinguished: i) Direct measurements, these record the
electrical (EEG) or magnetic activity of the brain (MEG), and ii) Indirect measurements, which reflect
the metabolism of the brain (e.g. fMRI, fNIRS and PET). For purpose of the present project, only
direct measurements are described.
Magnetoencephalography
The magnetoencephalography technique (MEG) measures the magnetic fields generated by neural
activity of the brain due to the small currents that occur when groups of neurons are activated due to a
stimulus or spontaneous activity (Makella and Jousmaki, 2001).
Electroencephalography
EEG is a technique for monitoring electrical brain activity and can be analyzed in the time domain
or in the frequency domain. In the first case, an EEG is measured as variations in voltage values at
specific times in response to a stimulus. If the voltage changes after a certain time after the occurrence
of an event or stimulus, it is called event-related potentials (ERPs). On the other hand, EEGs in the
frequency domain are measured as voltage fluctuations at specific frequencies (Graimann et al., 2010).
As explained in (Peng et al., 2015), to record EEG signals, it is necessary to use a helmet with
at least three electrodes corresponding to ground, reference, and recording electrodes. The electrodes
can be made of different materials such as silver, silver chloride or gold and these can be wet or dry.
In the first case, a conductive gel can be placed between the electrode and the scalp and in the second
case, it is applied directly on the skin.
The use of helmets with dry electrodes offers several advantages, including the possibility of de-
veloping non-invasive BCI for people with severe disabilities by avoiding the application of gel, which
reduces the preparation time before experiments and allows robust and affordable brain measurements
for neuroscientific experiments as described in (Popescu et al., 2007).
Despite the more recent use of dry electrodes, research using this technology was proposed as
early as the 1990s (Matsuo et al., 1973), with the aim of reducing the size of EEG devices and making
their use simpler and more versatile, and of course because they are able to measure high quality
signals despite hair, without possible effects on the subject’s health (Grozea et al., 2011).
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Methods: EEG helmets, our experiment
design and data analysis
This chapter describes the methods used to develop the project. Given the experimental part of the
proposed project, the methods are part of the development of the investigation. First, the experimental
features are described detailing the experimental setup, the subjects participating in the experimental
phase, and the experimental design. Then, the pre-processing of the recorded data is explained in
detail. After pre-processing, an initial exploratory analysis of the data is also performed and finally
the characteristics of the variability analysis conducted are described.
3.1 Characteristics of the experiment
The experimental study to be conducted in the present work was proposed in (Changoluisa, n.d.), it
consists of a six-choice paradigm similar to the one proposed in (Hoffmann et al., 2008). The design
of the experiment was proposed based on the objectives described in Chapter 1, that is, with the
aim of performing multiple analyzes of inter-subject variability, with 12 subjects participating in the
experiment, performing the same task under the same conditions.
On the other hand, the objective is to analyze the variability that can occur in the same subject
performing the same activity in different time periods, in this case in 3 experimental days with a
maximum interval of 2 days between experiments. Moreover, each day consists of two sessions since
it is necessary to have significant data for statistical analysis. Another variability parameter that we
try to analyze is the variability caused by the use of two distinct helmets due to their differences. The
two helmets described below have been used for the experimentation:
• Enobio : This is a medical grade wireless system for high precision EEG recording with up to
32 channels as Figure 3.1 show. Enobio offers handy gel, solid gel and dry electrode solutions.
In this case 8 dry electrodes arranged according to the international 10/20 system (Sharbrough
et al., 1991) are used. Electrode selection was based on the findings of (Krusienski et al., 2006),
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Figure 3.1: Enobio helmet. (Modified from (BrainSecrets, n.d.).)
which suggest that the selected electrodes gave the best overall performance, Figure 3.4a, shows
their location.
• g-Tec: This is a wearable EEG headset for recording brain activity for clinical use. It consists
of an electrode network with up to 32 electrodes, an amplifier (g.USBAmp), and a preamplifier
(g.Sahara). In this study, 16 dry electrodes are used, their location is shown in Figure 3.2, which
were also located according to the international 10-20 system, this is shown in Figure 3.4. The
selection of the electrodes was based on (Guger et al., 2018, Vidal, 1977, Donchin et al., 2000).
Figure 3.2: g-Tec helmet. (Modified from (HFTCo., n.d.) )
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3.1.1 Experimental Setup
To develop the experiment, the subject was placed in front of a computer screen on which a group of 6
images were displayed individually, including: a monitor, a telephone, a lamp, a window, a door and
a stereo; this is shown in Figure 3.3.
Figure 3.3: Set of six images used to evoke a P300.
.
These images were displayed in random sequences, and the duration of the flash of each image
was 100 ms, the interval between each stimulus had a duration of 300 ms, no image was shown in
this interval, and the total duration of each stimulus (ISI) is 400 ms. Data acquisition was performed
using the BCI2000 system (Schalk et al., 2004) and EEG signals were processed using the MATLAB
software toolbox Fieldtrip.
3.1.2 Subjects
The experiment was tested on a population of 12 subjects, 4 of the 12 subjects were tested for the de-
velopment of this project. The data from the remaining 8 subjects are existing data from the proposed
PhD thesis in (Changoluisa, n.d.).
The age of the participants ranged from 23 to 35 years (M:27.1,SD:3.57) with 16.66% identified
as female and 83.33% identified as male. None of them showed any known pathology of cognitive
impairment.
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(a) Electrodes location in Enobio helmet, according to
the international 10/20 system.
(b) Electrodes location in g-Tec helmet, according to the
international 10/20 system.
Figure 3.4: Electrodes location in Enobio and g-Tec helmets.
3.1.3 Experimental Schedule
Six sessions were performed by each subject distributed over 3 days, i.e., two sessions per day. All
subjects had a maximum interval of two days between sessions. For the performance of each session,
the protocol explained below was taken into account before verifying that the subject had not suffered
any epileptic seizures in order to perform the experiment.
• It was necessary to obtain the measurements of the head of each subject to determine the size
and position of the helmet for each specific case. To conduct this experiment, the electrode
placement of the international 10/20 system is used, as explained above. The goal of using these
standard electrode placements is to define proportional distances between craneal landmarks for
the correct positioning of the helmet in each specific case. In the case of the standard 10/20
system, proportional distances of 20 % of the total size between nasion and inion are used.
• A demo was used to explain the experiment to the subject, which was presented after the helmet
and noise reduction devices were put on.
• Subjects were placed in front of a computer screen that was at the same height for all subjects,
with a distance of 80 cm from the center of the screen to the subject’s forehead.
• The subject was asked to count the ”target” images that were presented throughout the experi-
ment.
• The experiment consisted of the presentation of the target image at the beginning of the run, a
run consisted of a group of six images presented randomly in blocks, during 15 repetitions. At
the end of the run, the target image was randomly changed, and a new run was started, repeating
the procedure until each of the six images had been targeted. A session consists of 6 runs, and
a run consists of 15 target (P300) trials, and 75 non-target (non-P300) trials .
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• At the end of each session, the subject was asked how many targets were observed during the
session to evaluate the subject’s performance.
The duration of each session was approximately 25 minutes, including electrode setup. Each session
consisted of 540 trials, and each subject’s total data consisted of 3240 trials.
3.2 Data Pre-processing
Before using the recorded signals in the following procedures, several pre-processing steps were per-
formed. The pre-processing method used has been selected on the basis that it has proved successful
with data of a similar nature (Hoffmann et al., 2008, Changoluisa et al., 2020). This steps are described
in detail below.:
• Referencing: The two mastoid electrodes were used for referencing by the average method.
• Filtering: As described in Part I (Salazar, 2020), a forward–backward Butterworth bandpass fil-
ter was used. To apply this filter, the Fieldtrip BPFILTER function was used. Cut-off frequencies
were set to 1.0 Hz and 12.0 Hz. The parameters set for this process are defined by: BPFILTORD,
BPFILTTYPE, BPFILTDIR.
• Downsampling: The signal from the g-Tec helmet was downsampled from 2048 Hz to 32 Hz
after applying the filter stage, and from 512 Hz to 32 Hz in the case of the Enobio helmet.
• Visual Artifact elimination: For artifact elimination, the Winsorize technique is used (Wilcox,
2012), where values below the 10th percentile were replaced by the 10th percentile, and sim-
ilarly, values above the 90th percentile were replaced by the 90th percentile. This analysis is
similar to that proposed in (Hoffmann et al., 2008).
After preprocessing, a structured dataset is obtained as shown in Figure 3.5. Each day of exper-
imentation has 2 sessions of 6 runs each, which in turn consist of 15 trails consisting of 6 images, 5
non-target images and one target image, each trial having a duration of 1000 ms.
3.3 Initial exploration of recorded signals
After processing the data, a classification process is performed to preliminarily assess the quality of
the measured data, for which a Bayesian Linear Discriminant Analysis (BLDA) is used through a
cross-validation process. The theory associated with the BLDA algorithm is described in detail in
Part 1 of this project (Salazar, 2020).
A cross-validation procedure is a technique used to evaluate the predictive performance of a model
(F. Zhang, 2011). Training and validation datasets are needed to evaluate this performance. Cross-
validation allows the evaluation of the results of a statistical analysis and ensures independence be-
tween the split of the two datasets mentioned, training and validation. In (Ivezić et al., 2014)cross-
validation techniques are detailed, and some of them can be mentioned:
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Figure 3.5: Structure of a dataset for one day of the experiment.
• Twofold cross validation.
• k-fold cross-validation
• Leave-one-out cross-validation
• Random subject cross-validation
For this project, the leave-one-out cross-validation technique is used. In this case, five sessions
are used as training test and a sixth session for validation, i.e. 450 target trials and 2250 non-target
trials for training; and 90 target trials and 450 non-target trials for validation. After the classifiers are
trained, and applied to the validation data set, the classification process is carried out as follows:
• The validation session consists of 6 runs, each with 15 blocks of 6 images (1 target and 5 non-
target).
• The single trials of each run are classified, resulting in 15 blocks of classifier outputs, each block
contains 6 values (one for each run), resulting from assigning a value of ’1’ when the output of
the classifier is equal to the target of that block and ”0” otherwise.
• The values resulting from each classification run are added, and the process is repeated by
iterating the validation set from the 6 possible sessions.
• When all possible variants have been considered, the accuracy is calculated after averaging the
previously calculated ”correct” values.
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3.4 Variability Analyses
Three factors are taken into account for the variability analysis. First, a general analysis. Here the
individual characteristics of the subjects are not considered in the classification process. Second, an
intra-subject variability study is proposed, where the features of each subject are analyzed individually
for accuracy calculation. Finally, an inter-subject study is proposed where the behavior of each subject
on 3 different days is evaluated to analyze the characteristics of the subject across the different days
of the experiment.
For the general analysis, all sessions of all subjects are considered, i.e., a total of 72 sessions
together. For the intra-subject analysis, the 6 sessions of each subject are considered for an individual
analysis per subject. For the inter-subject analysis, 3 days of the experiment are considered, each day
consisting of 2 sessions: for day 1, sessions 1 and 2; for day 2, sessions 3 and 4; and for day 3, sessions
5 and 6.
Finally, using the results obtained, an attempt is also made to analyze the differences between the
two helmets. In addition to the above considerations, 2 methods for electrode selection are proposed:
• The first approach consists in using the standard electrodes.
• The second approach consists in selecting the electrodes using the BLDA algorithm.
3.4.1 Standard electrodes
The selection of standard electrodes was based on exhaustive research using methods such as forward
selection or backward elimination (Changoluisa et al., 2020). The results of these analyzes are de-
scribed in the Table 3.1. It is observed that the results are consistent between the different authors,
highlighting the presence of electrodes from both the central lobe and the occipital and parietal lobes.
Reference Electrodes
Vidal, 1977 Pz, Oz, O1, O2, Fz
Farwell and Donchin, 1988 Pz
Polikoff et al., n.d. Pz, Cz, Fz
Donchin and Coles, 1988 Pz, Cz, Fz, O1, O2
Kaper et al., 2004 Pz, Cz, Fz, Oz, P3, P4, PO7, PO8, C3, C4
Serby et al., 2005 Pz, Cz, Fz, Oz
Sellers and Donchin, 2006 Pz, Cz, Fz
Piccione et al., 2006 Pz, Cz, Fz, Oz
Krusienski et al., 2006 Pz, Cz, Fz, Oz, P3, P4, PO7, PO8
Hoffmann et al., 2008 Pz, Cz, Fz, Oz, P3, P4, P7, P8
Cecotti et al., 2011 Pz, Oz, P3, P7, P8
Ryan et al., 2017 Pz, Cz, Fz, Oz, P3, P4, PO7, PO8
Sheng et al., 2018 Pz, Cz, Fz, Oz, O1, O2
Table 3.1: Standard electrode selection for the detection of P300 ERPs. Approaches by different
authors. Modified from (Changoluisa et al., 2020).
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The data obtained from the two helmets are composed by a different number and location of elec-
trodes, so the following electrodes were set as standard electrodes for both cases: Pz, Cz, Oz, P4, P3,
P8, P7 and Fpz, as shown in Figure 3.4a. Electrode Fpz does not correspond to the usual standard elec-
trodes chosen, but is due to the relevant activity detected in the frontal area electrodes in (Changoluisa
et al., 2020). Because of the location of the electrode, it was considered to perform a preprocessing
aimed at eliminating ocular artifacts using winsorizing, as explained in Chapter 3, Section 3.2. This
technique is similar to that used in (Hoffmann et al., 2008) for visual artifact elimination.
Although standard electrodes without specific information about the characteristics of the exper-
iment or the subject improve the accuracy of the results, they are not necessarily the electrodes that
better capture the information to be measured in every case. For this purpose, an individual selection
of electrodes is proposed that is better adapted to the individual characteristics of the subject, despite
the computational cost involved.
3.4.2 BLDA and Forward Selection
In order to adapt the results to the individual characteristics of the data collected for each subject,
a selection of electrodes is made using the BLDA algorithm, which makes it possible to determine,
through the calculated accuracy values, which are the electrodes that maximize this accuracy and to
use them for the variability analysis.
Forward selection is used for electrode selection using BLDA (BLDA-FS). Forward selection is
a straightforward variable selection strategy (Herrera et al., 2009). In (Chandra, 2016), the steps
followed for forward selection are described as follows:
• The most significant feature S1 = fi is first selected based on a criterion.
• Then pairs of features with fi are formed and the best pair is selected as S2 = fi, f j.
• A set of 3 features with S2 is formed and the best set of 3 features is selected as S3 = fi, f j, fk.
• This process is repeated until a predefined number of features are selected.
The forward selection used in this project aims to select a first electrode that maximizes the ac-
curacy results and later combine it with a second electrode from the remaining electrodes. After
measuring the accuracy results obtained with all variants, the second electrode is selected. Once the
pair of electrodes is obtained, the process is repeated to obtain a third electrode and so on until the
desired number of electrodes is obtained, in this case 8. The results found in the development of this




This chapter describes the results obtained after the analysis performed. First, an initial study of
the data is conducted to determine in a general way the preliminary results of the different subjects.
Then, the variability study is started, which consists of conducting a general analysis. Later an analysis
of the variability between and within subjects, to end with a generalization analysis.
4.1 Initial exploration of recorded signals
Before analyzing the variability, a brief analysis of the data obtained from each subject is proposed.
For this purpose, the calculation of the Coefficient of Determination (r2) is presented as a first consid-
eration to evaluate the quality of the signal, the theory related to the r2 is explained in detail in Part 1.
Figure 4.1, 4.2, and Figure 4.3 show the results of this calculation for the Enobio helmet, the g-Tec
helmet with the same electrodes as Enobio, and the g-Tec helmet with 16 electrodes, respectively. For
this calculation, 6 sessions with 6 runs for each of the subjects are used.
In most cases, the observed results show a clear distinction between the P300 and non-P300 signals
in the range between 300 and 600 ms. This distinction is very clear in some subjects, for example:
with Enobio helmet in subjects 1, 2, 6, 8 and 12, the activity is clearly distinguishable; however, in
subjects 3, 4, 5, 7, 9, 10 and 11, it is more difficult to detect. In contrast, for the g-Tec helmet, activity
is clearly distinguishable in subjects 1, 2, 3, 6, 8, and 12; however, it is difficult to detect in subjects 4,
5, 7, 9, 10, and 11.
To analyze how the behavior of a subject changes compared to other subjects using the same hel-
met and different helmets, an additional similarity analysis is proposed to analyze how similar subjects
and helmets are in comparison. For this, it is proposed to use the same 8 electrodes for both helmets.
Figure 4.4, shows the results of this study for which cosine distance was used. Cosine distance deter-
mines the similarity that exists between the data being compared, in this case the comparison of the
data from r2 belonging to each subject. Given two vectors, A and B, the cosine distance measure can
be calculated as follows:
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Figure 4.1: R2 values for 12 subjects with Enobio helmet, with 6 sessions per subject.
Figure 4.2: R2 values for 12 subjects with g-Tec helmet using 8 electrodes, with 6 sessions per subject.
cosine distance = 1− A ·B
||A||x||B||
. (4.1)
Cosine distance is zero for identical vectors and 1 for orthogonal vectors (Sidorov et al., 2014).
A result close to zero means that the compared data are very similar, and a result close to 1 means
that the compared data are different. Before calculating the similarity values, a preprocessing of the
r2 values was performed. A simple mean filter explained in González, 2008 was used considering the
mean of 5 values for each point, this process is performed with the aim of smoothing the signal to
reduce possible shifts.
It can be seen from the figure that in the first case, when the subjects of the Enobio helmet are
compared, subjects 1, 3, 6, and 8 are the most different from the other subjects, while subjects 5 and
11 seems to be the most similar to other subjects of the same helmet. It is observed that subjects 10,
11, and 12 have a cosine distance result closer to zero with respect to the other subjects, this may be
due to the fact that the data collection of these subjects was done under different conditions than the
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Figure 4.3: R2 values for 12 subjects with g-Tec helmet using 16 electrodes.
Figure 4.4: R2 comparison between subjects and helmets.
others.
In the second case, comparing the subjects of the g-Tec helmet, we can see that subjects 4, 7, 9, 10,
and 11 are very similar to the other subjects, while subjects 6 and 8 seem to be different in comparison.
Finally, subjects from both helmets are compared. It is obvious that there will be a difference
between the data of the subjects in one helmet and the other, due to several factors, including the
repositioning of the helmet and the difference between the helmets used, such as the material and the
electrodes used (there are passive electrodes in the Enobio helmet, while the electrodes on the g-Tec
helmet are active). In this analysis, it is observed that the results between the same subjects on the
different helmets shown on the diagonal are very similar, especially for subject 8, whose similarity
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value is close to 0. It is also observed that subjects 2, 6, 8 and 12 are different from the other subjects.
In recent years, there has been increasing interest in studying the effects of individual variability
in the activation and connectivity of brain regions (Demuru and Fraschini, 2020), to this end EEG
signals have been used in several studies (Meir-Hasson et al., 2014, Chan et al., 2018, Palaniappan
et al., 2002, Fraschini et al., 2015, Thomas and Vinod, 2016), with the aim of exploiting physiological
characteristics for each subject to identify them from the rest. In (Palaniappan et al., 2002) it was
shown that the levels of thought-process differ between subjects even with similar mental activity.
From the r2 comparison between subjects and helmets, it was found that there are several subjects,
such as subjects 3, 6, and 8, to name a few, who exhibit a characteristic behavior that is repeated in
the 3 analyzes performed. This identified behavior in specific subjects could be described as a unique
characteristic of each subject that could be used for recognition, like a biological fingerprint of each
subject.
To complement this initial analysis, a more specific study was proposed using the BLDA algorithm
as a classification strategy to measure accuracy in each case. To apply the BLDA algorithm, a cross-
validation 6 is proposed using 5 of the 6 possible sessions of each subject as training and the remaining
session as validation. For this classification, all available electrodes were used in each case, that is:
• Enobio helmet: Pz, Cz, Oz, P4, P3, P8, P7, Fpz.
• g-Tec helmet: Pz, Cz, Oz, P4, P3, P8, P7, Fpz, Fz, O2, O1, C4, C3, CP2, CP1, FCz.
Figure 4.5, shows the accuracy calculated for each subject. It can be observed that the results vary
between helmets, and optimal accuracy is not achieved in all cases. The Table 4.1 shows the subjects
ordered from highest to lowest according to the calculated accuracy values.
Average accuracy values for all subjects
Enobio















































Figure 4.5: Preliminary accuracy results for subjects 1-12, considering both helmets, using 8 electrodes for
Enobio helmet and 16 electrodes for g-Tec helmet.
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Enobio helmet Accuracy g-Tec helmet Accuracy
8 97.96% 6 97.04 %
6 96.11% 8 96.48%
2 87.22% 2 92.22%
3 85.74% 12 90.92%
9 78.88% 3 87.59%
1 77.04% 10 78.33%
7 70.92% 1 77.78%
5 65% 11 71.48%
12 64.81% 9 63.33%
10 60.37% 7 62.04%
11 57.78% 4 58.15%
4 44.07% 5 57.96%
Table 4.1: Subjects ordered according to accuracy values.
As reference, a classification accuracy of 70% is defined as a threshold value, this value has been
used in several studies as an indicator of satisfactory communication for a BCI system (Furdea et al.,
2009, Kübler et al., 2005, Kübler et al., 2001, Nijboer et al., 2008, Käthner et al., 2013, Perelmouter
and Birbaumer, 2000).
With respect to the Enobio helmet, subject 8 shows the highest accuracy, followed by subject 6.
Furthermore, subjects 5, 12, 10, 11 and 4 show accuracy values below the reference threshold. Only
7 out of 12 subjects (58%) exceed the accuracy threshold set for satisfactory communication with the
Enobio helmet.
Regarding the g-Tec helmet, subject 6 obtained the best accuracy results, followed by subject 8,
these two subjects show the highest accuracy values in the case of both helmets. On the other hand,
subjects 9, 7, 4, and 5 are below the accuracy threshold. For the g-Tec helmet, 8 out of 12 subjects
(66.6%) have a recommended accuracy level to establish satisfactory communication in a BCI system.
As can be seen in the Table 4.1, the difference between the accuracy values for the first 3 subjects
in both helmets is similar, their order changes by a minimal difference. Subjects 1 and 3 also have
similar accuracy values for both helmets. The other subjects show larger differences between the
helmets.
Comparing this analysis with the results observed when using r2 was used and shown in Figure
4.4, we note that the subjects that show lower similarity, i.e., subjects 1, 3, 6, and 8 for the Enobio
helmet and subjects 2, 3, 6, 8, and 12 for the g-Tec helmet, are the same ones that show the highest
accuracy values in the analysis performed with BLDA, as shown in Figure 4.5. In the following, some
specific features mentioned by the subjects during the development of the conducted experiments are
detailed below.
Subject 9 stated during the second session with the g-Tec helmet that he could not identify the
target image at the end of session 2. This subject stated on the second day of the experiment that he
had only a few hours of sleep and that the g-Tec helmet was uncomfortable to wear. On the last day
of this subject’s experiment there was noise from the air conditioning unit, the subject stated that he
was sweating during the test. This information could explain the low accuracy results for this subject
when using the g-Tec helmet.
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Subject 10, on the other hand, was visually fatigued on days 1 and 3 of the experiment. The
subject wore contact lenses that forced him to blink constantly, which was a distraction in identifying
the target image. In the second session of the first day, the subject counted an incorrect number of
target images. On the last day of the experiment, while wearing the Enobio helmet, there was noise
outside the experimental room that distracted the subject.
The count of target images for subject 11 was not correct for session 2 wearing the Enobio helmet.
This subject also reported that he was unfocused during sessions 5 and 6 with the same helmet. This
could explain the subject’s poor performance when using the Enobio helmet. Subject 12 was unable
to determine the correct number of target images during session 1 and also reported that there were
sources of distraction during day 3 with the Enobio helmet.
4.2 Variability Analysis
This section contains the variability analysis performed, which is divided into 4 subsections. In a
first approach, variability is analyzed in general, without considering differences between subjects or
within the same subject. Then, an inter-subject analysis is performed, taking into account the variabil-
ity between the different subjects participating in the experiment. Then, an intra-subject variability
analysis is performed, taking into account the different days of the experiment. Finally, the circum-
stances under which it is possible to generalize the model by combining data from several days is
analyzed.
4.2.1 General Analysis
For a first analysis of variability, a general analysis was considered to be performed in which neither
inter- nor intra-subject differences are taken into account. In this first case, the standard electrodes are
used to evaluate the resulting accuracy values for each subject. The selection of standard electrodes is
described in Chapter 2.
The BLDA classification algorithm was used and two types of cross validation were proposed:
cross validation 12 with the sessions, and cross validation 72 with the runs. Both of them correspond
to the leave-one-out type of cross-validation (LOOCV). This type of cross-validation corresponds to
a case of ’leave-p-out’ cross-validation, in this case, p = 1, i.e. the statistic is calculated on the one
’leave-out’ (omitted) sample.
Each subject has 6 sessions and each of these sessions has 6 runs, so the total number of runs for
the 12 subjects is 72. Cross-validation 12 consists of iteratively using the 6 sessions of 11 subjects as
training set and the 6 sessions corresponding to the one remaining subject as validation set. Figure 4.6
illustrates the results obtained. The accuracy results of Figure 4.6 are 57.93% for the Enobio case and
62.21% for the g-Tec helmet.
On the other hand, cross-validation 72 was performed, it consists of the iterative combination of
71 training runs and a validation run. The result of this analysis is shown in Figure 4.7. The accuracy
values obtained of Figure 4.7 are 62.4% in the case of the Enobio helmet and 68.75% in the case of
the g-Tec helmet.
In this analysis, we observed how the accuracy values vary depending on the type of cross-
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Figure 4.6: Accuracy results of general analysis for Enobio (blue) and g-Tec (purple) helmets using standard
electrodes and cross-validation 12 (11 sessions used as training set and 1 session used as validation set).






















Figure 4.7: Accuracy results of general analysis for Enobio (blue) and g-Tec (purple) helmets using standard
electrodes and cross-validation 72 (71 runs used as training set and 1 run used as validation set).
validation used. In the first case, when the cross-validation completely excludes all the information
of one of the subjects for the classification process, the results are low according to this analysis.
However, in this case, when the cross-validation includes all the information from all but one of the
subjects for one run, we can see how the accuracy results, although not optimal, improve significantly
compared to the previous case. When the system has more information from all users, the results are
better because the system gets more information to learn.
4.2.2 Inter-subject Variability Analysis
Inter-subject analysis aims to analyze the behavior of each subject and how this behavior differs from
that observed in the general analysis. Initially, an analysis is performed with standard electrodes,
and later a selection of electrodes with BLDA-FS is performed, taking into account 2 types of cross-
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validation.
4.2.2.1 Standard Electrodes for Inter-subject Variability Analysis
The first consideration raised was the use of standard electrodes for the classification process. As in
the previous case, the BLDA algorithm was used for this process. Considering that each subject has a
total of 6 sessions and each session has 6 runs, cross-validation 6 is proposed, i.e., 5 sessions are used
for training and 1 for testing iteratively for each subject.
From this analysis the results obtained are shown in Figure 4.8. The upper part of the figure is
the same as in Figure 4.5, but was included in this analysis to compare it with the results of the g-Tec
helmet, where the set of electrodes was limited to 8 for this analysis.
Accuracy values for all subjects using standard electodes 
 Enobio helmet













































Figure 4.8: Accuracy results of inter-subject variability analysis for all subjects using standard electrodes.
The results obtained show the behavior of each subject, which improves in most cases compared
to the general analysis when the individual characteristics of each subject are taken into account for
the classification process. In both helmets, the subjects that preset a better accuracy are subjects 6 and
8. On the other hand, subject 4 is the one with the lowest accuracy value.
In order to compare the results of the individual helmets, an average was calculated in each case,
which is shown in the Figure 4.9. From these results it can be seen that the g-Tec helmet gives a higher
accuracy result, but the calculated variances rule out a significant difference.
The resulting values of the calculated average for the Enobio and the g-Tec helmet considering
all subjects are 73.8% and 77.22%, respectively. It can be observed that when considering the indi-
vidual characteristics of each subject in the classification process, the accuracy increases significantly
compared to the general analysis by about 10% in both cases. These results show the importance
of considering the individual characteristics of the subjects in order to maximize the accuracy of the
results due to the large variability that exists between them.
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Figure 4.9: Accuracy results of inter-subject variability analysis for Enobio and g-Tec helmets using standard
electrodes.
4.2.2.2 BLDA-FS Electrodes for Inter-subject Variability Analysis
On the other hand, electrode selection using BLDA-FS has been proposed to analyze inter-subject
variability. The selection is done by forward selection as explained in Section 3 of Chapter 2.
The electrodes of the g-Tec helmet were limited to the 8 electrodes of the Enobio helmet, with
the aim that both helmets come together under the same conditions for further evaluation. For this
analysis, the use cross validation 6 is proposed, that is, 5 of the 6 sessions will be considered for
training and the remaining session for validation. The accuracy values for each helmet resulting from
the classification performed are shown in Figures 4.10 and Figure 4.11. Accuracy was measured by
varying the number of electrodes from 1 to 8.
Accuracy values for all subjects - enobio helmet
Subject 1































































































































































































































































































Figure 4.10: Accuracy results of inter-subject variability analysis using electrodes selected by BLDA-FS (Table
4.3) for Enobio helmet.
From this analysis, the optimal number of electrodes for each subject was defined. This is given
by the number of electrodes that provide the maximum accuracy per subject. Table 4.2 shows the
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Accuracy values for all subjects - g-Tec helmet
Subject 1































































































































































































































































































Figure 4.11: Accuracy results of inter-subject variability analysis using electrodes selected by BLDA-FS(Table
4.3) for g-Tec helmet.
optimal number of electrodes for each subject, the average for each helmet is about 6 for each case.
The electrodes resulting from this analysis are shown in the Table 4.3.
Helmet S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 Mean Variance
Enobio 5 6 6 6 6 6 6 7 7 5 5 4 5.75 0.75
g-Tec 6 6 8 5 5 5 8 6 6 6 8 6 6.25 1.295
Table 4.2: Optimal number of electrodes for each subject for the general analysis.
Subjects Enobio Helmet g-Tec Helmet
1 Cz, Fpz, Pz, Oz, P8, P7, P4, P3 Cz, Pz, P7, P8, Fpz, P3, Oz, P4
2 Fpz, Oz, P7, Cz, P4, P3, Pz, P8 P8, Fpz, P7, Cz, P3, P4, Pz, Oz
3 Cz, Pz, Oz, Fpz, P4, P7, P3, P8 Cz, Fpz, P4, P7, P3, Oz, Pz, P8
4 Fpz, P7, P3, P8, Cz, P4, Pz, Oz Cz, P4, Oz, P7, Pz, P8, Fpz, P3
5 Fpz, Pz, P3, P8, P4, Cz, Oz, P7 Fpz, P3, Pz, P7, P8, Cz, Oz, P4
6 Pz, P8, Fpz, Cz, Oz, P3, P7, P4 Cz, P4, Fpz, Pz, P3, P7, P8, Oz
7 Fpz, Oz, P7, P4, Cz, P8, Pz, P3 Pz, P3, P8, Fpz, Oz, P4, P7, Cz
8 Cz, Pz, Oz, P3, P8, P4, P7, Fpz P4, Cz, P3, P8, Pz, Fpz, Oz, P7
9 Fpz, Oz, P8, P7, Cz, P4, P3 , Pz Cz, P8, Pz, P4, P7, P3, Oz, Fpz
10 Fpz, P7, P8, Cz, P3, Pz, Oz, P4 Fpz, P4, P8, Oz, Pz, P7, Cz, P3
11 Cz, Oz, P7, P8, Fpz, Pz, P4, P3 Cz, P4, Pz, Fpz, P8, Oz, P3, P7
12 Pz, Fpz, P4, P8, P3, Oz, P7, Cz Pz, Fpz, P4, Oz, P8, P7, Cz, P3
Table 4.3: Electrodes selected using BLDA-FS for inter-subject analysis.
The Figure 4.12 shows the number of electrode repetitions found, corresponding to the electrodes
considered optimal for each helmet. It can be observed that for Enobio helmet, the electrodes with the
highest number of repetitions are Cz, Fpz and P8, while for the g-Tec helmet it is the Pz electrode.
The electrodes with the highest number of occurrences coincide with the electrodes listed in Table
3.1, especially Pz and Cz, which are considered important by several authors. In addition, in (Chang-
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oluisa et al., 2020) the electrodes from the frontal area have shown great prominence, the electrode
Fpz represents the electrodes in this area and it is evident in this analysis that it is also important for
most subjects. Although they are not the electrodes with the maximum occurrence, it can be observed
that in both cases the parietal electrodes P7 and P8 remain constant and have a great importance. In
both cases, the maximum possible number of occurrences is 12, since there are 12 subjects.
Figure 4.12: Electrode count for general analysis using BLDA-FS selection.
4.2.3 Intra-subject Variability Analysis
To analyze intra-subject variability, one analysis per day is proposed. The dataset consists of 3 exper-
imental days, each day has two sessions, and each session has 6 runs, i.e., 12 runs per day as Figure
3.5 shows. For this analysis, standard electrodes are first used. Then, a selection of electrodes with
BLDA-FS is made, for which two types of cross-validation are proposed.
4.2.3.1 Standard Electrodes for Intra-subject Variability Analysis
For this first analysis, the standard electrodes and BLDA algorithm were used for classification with
cross validation 2, 1 session is used for training and 1 for testing. Figure 4.13 shows the result obtained
from this analysis.
From these results, it is evident that the accuracy behavior of the different subjects varies across
days. Subject 4 showed low accuracy values in relation to the other subjects in the general analysis.
When analyzed daily, it can be seen that on day 1 and 2 the accuracy is very low for both helmets,
but on day 3 the results improve. Subject 9 clearly has low accuracy on day 2, which could be due to
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Accuracy values for days analysis using standard electodes. 
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Figure 4.13: Accuracy results of intra-subject variability analysis for all subjects using standard electrodes and
cross-validation 2 (1 session used as training set and 1 session used as validation set).
the fact that the subject reported being tired and not having had enough hours of sleep on the second
day of the experiment. Also, on day 3, there was noise during the experiment and the subject reported
that he was sweating. On the other hand, on day 3 of the experiment, noises were heard by subject
10 outside the experimental room, which, based on the results observed on that day, were clearly
constituted a disturbance for the subject. Subject 11 was unable to count the correct number of target
images on session 2 using the Enobio helmet, which may explain this subject’s poor performance on
day 1. Finally, subject 12 was unable to count the correct number of target images in session 1, which
affected the first day’s results.
In addition, an analysis of the behavior of the helmets is intended. For this purpose the values
obtained from all subjects for each day were averaged. The results of this analysis are shown in the
Figure 4.14, it can be seen that for day 1 and day 3 the g-Tec helmet presents higher accuracy values
than the Enobio helmet, however the difference is not clear.
Mean accuracy results for Enobio and g-Tec helmets. 





































































Figure 4.14: Accuracy results of inter-subject variability analysis for Enobio and g-Tec helmets using standard
electrodes and cross-validation 2 (1 session used as training set and 1 session used as validation set).
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A second analysis was proposed which consists in calculating the accuracy values for each day, in
this case the BLDA algorithm considers a cross-validation 12, which takes into account the 12 runs of
a day. The Figure 4.15 shows the results obtained from this analysis.
Accuracy values for days analysis using standard electodes. 
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Figure 4.15: Accuracy results of intra-subject variability analysis for all subjects using standard electrodes and
cross-validation 12 (11 runs used as training set and 1 run used as validation set).
With this validation, higher accuracy results are obtained for most subjects than in the previous
case, while generally maintaining the behavioral pattern. For example, subject 9, although having a
higher accuracy than in the above case, still has the lowest accuracy on day 2 compared to the other
days, which continues to affect the average result for each helmet. The Enobio helmet has a higher
accuracy for day 2, unlike the other days where the g-Tec helmet predominates, however, as in the
previous case, this difference is not crucial as shown in the Figure 4.16.






































































Figure 4.16: Accuracy results of intra-subject variability analysis for Enobio and g-Tec helmets using standard
electrodes and cross-validation 12 (11 runs used as training set and 1 run used as validation set).
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4.2.3.2 BLDA-FS electrodes for Intra-subject Variability Analysis
In addition to the analysis using standard electrodes, an analysis of the classification results measured
with selected electrodes using the BLDA-FS algorithm as explained in Section 3 of Chapter 2 is
proposed.
First, an analysis using cross-validation 2 is proposed, using one session for training and the rest
for testing. The obtained results are shown in Appendix B, Figure B.1 and Figure B.2. A brief
summary of the results obtained is presented in Figure 4.17.
Summary of accuracy values for all subjects with BLDA 
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Figure 4.17: Accuracy results of intra-subject variability analysis for Enobio and g-Tec helmets with electrodes
selected using BLDA-FS and cross-validation 2 (1 session used as training set and 1 session used as validation
set).
In the daily analysis, as opposed to the general analysis, it is observed that fewer electrodes are
required to achieve maximum accuracy. From this analysis it was possible to calculate the number of
optimal electrodes, which are shown in Table 4.4. It is observed that the average number of electrodes
for both helmets to maximize the accuracy value is about 4. It can be observed that for the g-Tec
helmet the number of optimal electrodes considered is slightly higher. The electrodes selected from
this analysis are shown in detail in Table 4.7.
Day S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 Mean Variance
Enobio
D1 3 3 4 2 3 5 3 2 3 2 1 5 3 1.45
D2 5 3 5 3 3 2 6 3 2 2 6 3 3.58 2.26
D3 5 4 2 4 3 4 5 4 5 2 3 4 3.75 1.11
g-Tec
D1 4 4 3 4 4 4 4 2 4 4 5 6 4 0.90
D2 3 8 2 3 5 3 5 5 3 3 2 6 4 3.27
D3 3 4 3 4 3 5 4 4 5 4 2 6 3.92 1.17
Table 4.4: Optimal number of electrodes for each subject for intra-subject analysis using cross-
validation 2 (1 session used as training set and 1 session used as validation set). This analysis is
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To measure the variation of electrodes from one day to another, the optimal electrodes for each
day and for each subject were considered. The Levenshtein distance is considered as a metric. The
Levenshtein distance proposed in (Levenshtein, 1966), can be used to compare two strings, and its
value indicates the number of deletions, insertions, or substitutions of a single character that must be
made to convert one string into another. Figure 4.18 shows the results obtained from this analysis.

























































































































































































































































Figure 4.18: Levenshtein Distance results for intra-subject variability using cross-validation 2 (1 session used
as training set and 1 session used as validation set).
As can be seen in most cases, there is a variation in the optimal electrodes selected between the
different days. The only case where the electrodes are the same for two days is the case of subject 2
between days 2 and 3 in the g-Tec helmet, the other days and other subjects show differences.
A second analysis is proposed using runs for cross-validation instead of daily sessions, using 11
runs for training and 1 run for validation, iteratively varied. The results obtained from this analysis
can be seen in Appendix B, Figure B.3 and Figure B.4. A summary of the results obtained is shown
in Figure 4.19.
Compared to the previous results, it can be observed that the accuracy values in this proposed
classification increase in most cases, it is also worth mentioning that the number of optimal electrodes
in this case is lower than in the previous ones in some cases, but the mean optimal electrode mean
value is still about 4. The Table 4.6 shows the selected optimal electrode values. The electrodes
selected from this analysis are shown in detail in Table 4.7.
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Summary of accuracy values for all subjects with BLDA 
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Figure 4.19: Accuracy results of inter-subject variability analysis for Enobio and g-Tec helmets using BLDA-
FS electrodes and cross-validation 12 (11 runs used as training set and 1 run used as validation set).
Day S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 Mean Variance
Enobio
D1 2 6 4 2 3 4 4 3 5 4 1 4 3.5 1.91
D2 3 4 4 3 4 3 3 5 3 2 3 4 3.41 0.62
D3 5 4 6 2 3 5 5 6 2 1 3 3 3.75 2.75
g-Tec
D1 5 6 2 3 3 4 3 4 5 3 4 4 3.83 1.24
D2 4 8 3 3 4 3 3 4 3 6 4 4 4.08 2.26
D3 3 5 3 3 4 4 5 2 4 5 4 3 3.75 0.93
Table 4.6: Optimal number of electrodes for each subject for inter-subject analysis using cross-
validation 12 (11 runs used as training set and 1 run used as validation set).This analysis is shown
Appendix B in Figures B.3 and B.4.






























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































As in the previous case, the use of the Levenshtein distance is proposed to evaluate the differences
between the selected electrodes from one day to another. The result of this analysis can be seen in the
Figure 4.20. These results show that in all cases there are variations of the selected electrodes from
one day to another, indicating that there is a difference within the same subject on the different days
of the experiment.
It might be said that when a subject is observed to maintain a similar value of Levenshtein distance,
and this is relatively low, the electrode structures are preserved without showing very great changes
from one day to the next. However, in cases where the calculated distance values vary greatly, it can
be said that the electrodes are not preserved from one day to the next, and in this case, it would be
more difficult to generalize an electrode structure for more than one experimental day.























































































































































































































































Figure 4.20: Levenshtein Distance results for intra-subject variability using cross-validation 12 (11 runs used
as training set and 1 run used as validation set).
4.2.4 Can we generalize the model for different days?
This session will analyze whether it is possible to generalize the model over several days. Standard
electrodes and a selection of electrodes using BLDA-FS will be used for this purpose.
4.2.4.1 BLDA-FS electrodes for model generalization
One of the questions this variability study attempts to answer whether it is possible to generalize a
model for a subject. For this analysis, a selection of electrodes was proposed based on data from
two experimental days and then classifying the third day using the selected electrodes to observe the
accuracy results obtained.
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Three cases were analyzed:
• Case A: Electrode selection from day 1 and 2 to be validated on day 3.
• Case B: Electrode selection from day 2 and 3 to be validated on day 1.
• Case C: Electrodes selected from day 1 and 3 to be validated on day 2.
For the selection of electrodes, in all cases there are 2 experimental days and each day has 2
sessions, i.e., there are 4 sessions. Each session consists of 6 runs, in this case there would be a total
of 24 runs. It is proposed to cross-validate 24 as higher accuracy values have been obtained in previous
cases. The system is trained with 23 runs and in each iteration, one is omitted for validation.
The accuracy results obtained in all cases are shown in Appendix B, Figure B.5 and Figure B.6.
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After selecting the electrodes with the BLDA-FS algorithm, optimal electrodes are defined, i.e.,
electrodes with which the maximum accuracy can be obtained. The number of optimal electrodes for
each subject and each case are shown in the following Table 4.9. From the results shown in this table,
the number of electrodes considered optimal is higher than those shown in Tables 4.4 and 4.6.
Day S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 Mean Variance
Enobio
Case A 5 6 6 6 3 8 4 7 4 3 6 4 5.17 2.51
Case B 5 6 4 6 5 6 8 2 7 5 3 4 5.08 2.81
Case C 4 5 3 2 3 4 5 4 6 2 4 4 3.83 1.42
g-Tec
Case A 6 5 4 3 4 5 3 3 5 6 8 7 4.91 2.63
Case B 5 7 4 3 3 5 4 5 6 4 3 4 4.42 1.54
Case C 6 4 7 3 5 5 5 7 7 3 7 4 5.25 2.38
Table 4.9: Optimal number of electrodes for cases A, B and C.
However, a summary of accuracy results is presented in Figure 4.21. After using these data for the
validation process, the accuracy values shown in the Figure 4.22 were obtained:
Summary of accuracy values for all subjects with BLDA 
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Figure 4.21: Accuracy values from the two days of Cases A, B and C for Enobio and g-Tec helmets.
Figure 4.23 shows the comparison between the accuracy results of the two days and the accuracy
results of the last day. It can be clearly seen that the subjects who showed high accuracy in the previous
analyses, e.g., subjects 2, 3, 6, and 8, continue to show high accuracy scores. On the other hand, the
subjects who showed low accuracy values in the previous analyses show lower accuracy values after
this analysis, e.g., subjects 4, 10, and 11 for the Enobio helmet and 5, 7, and 9 for the g-Tec helmet.
From this figure, it can be seen how the error is higher when the model is to be generalized using
parameters generated from unknown data.
Finally, the mean accuracy for all subjects is calculated and shown in Figure 4.24. The T-test
was calculated over this result and showed a p-value of 0.0034 in the case of the Enobio helmet and
a p-value of 0.0447 in the case of the g-Tec helmet. In both cases, the null hypothesis is rejected
which shows that there is an important difference between the results. This means that there is a high
variability between subjects and due to the existing difference it is difficult to generalize a model based
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Summary of accuracy values for all subjects with BLDA 
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Figure 4.22: Accuracy results of Cases A, B and C for Enobio and g-Tec helmets using optimal BLDA-FS
electrodes.
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Figure 4.23: Accuracy results comparison of Cases A, B and C for Enobio and g-Tec helmets using optimal
BLDA-FS electrodes.
on only part of the data.
The accuracy average shown in Figure 4.24 for 3 days of the omitted dataset (one day left) is
64.12% and 68.87% for the Enobio and g-Tec helmet, respectively. It can be observed that with two
days of a subject and fewer electrodes, the performance is better than the case where all the information
of all the subjects is considered, as shown in Figure 4.6.
4.2.4.2 Standard Electrodes for model generalization
For this final analysis, the cases described in the previous analysis are used, but this time the accuracy
calculation is performed using standard electrodes. The Figure 4.25 shows the comparison between
the accuracy results of the two days and the accuracy results of the last day. Figure 4.26 shows the
average results for both helmets.
The results calculated with standard electrodes provide higher accuracy values than in the previ-
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Summary of accuracy values 
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Figure 4.24: Comparison between the accuracy means of cases A,B and C with optimal BLDA-FS electrodes.
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Figure 4.25: Accuracy results comparison of Cases A, B and C for Enobio and g-Tec helmets using standard
electrodes.
ously analyzed case using the BLDA-FS electrodes. This suggests that the standard electrodes are
better at generalizing on one experimental day than the electrodes selected by BLDA-FS for the other
two days. The differences that exist between days suggest that the electrodes selected for the two days
do not necessarily perform well on the third day. An exhaustive selection of optimal electrodes for a
given data set was performed. This may result in overfitting the model for a given day, in this case
two days, limiting the generalization and reducing the degrees of freedom of the model to fit unknown
data.
A study with similar results can be seen in Figure 10 of (Changoluisa et al., 2020), where it is
clearly observed that the standard electrodes provide better accuracy than the selected electrodes from
an unknown dataset. The accuracy average is shown in Figure 4.26 for three days is 66.82% and
70.43% for Enobio and g-Tec helmet respectively.
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Figure 4.26: Comparison between the accuracy means of cases A,B and C with standard electrodes.
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4.3 Summary of Results
A summary of results is presented in Table 4.10. This table summarizes the results of the preliminary
investigations carried out. First, it should be noted that when a general analysis is performed, the
accuracy values are the lowest of all the other cases. If the individual characteristics of the subjects
are not accounted for, important information will be omitted due to the variability that the subjects
exhibit. Despite the low results observed, it is important to highlight the difference between the two
proposed cases of cross-validation. In the first case, cross-validation 12, in which one of the subjects is
completely omitted, a lower accuracy is obtained than in the second case, cross-validation 72, in which
almost all the information of all the subjects is taken into account (except one run), which allows the
system to take into account the characteristics of all the data involved, increases the accuracy by about
5%.
In search of a deeper analysis, an inter-subjects analysis is proposed. In these results, it is observed
that when using standard electrodes with an individual classification for each subject, the accuracy val-
ues are higher than in the general case, but they are lower than in the second consideration performed,
where the optimal electrodes are selected for each subject using BLDA-FS. In both considerations, it
can be observed that the cross-validations, which include the largest amount of information from all
subjects, provide the highest accuracy results.
In addition, an intra-subject analysis was performed that not only attempts to evaluate the behavior
of the subjects individually, but also to evaluate the behavior of the same subject in 3 experimental
days and analyze how it varies. As in the previous cases, an analysis with standard electrodes is
proposed first. In this case, it is observed that the results obtained are greater than in the case of
inter-subject analysis, since the classification is focused on each data set belonging to each day. of the
experiment. Then, an analysis is performed using selected electrodes with BLDA-FS, this analysis
gives the best results among the other mentioned analyzes, since not only the classification is adapted
to each experimental day of each subject, but also the electrodes selected for each subject are those
that maximize the accuracy results.
Finally, to observe if it is possible to generalize the system between days, an analysis is performed
considering 3 cases where two experimental days are used to select electrodes that are later used to
validate the unknown day for the system. Along with this study, it is proposed to perform the same
analysis but in a second approach using standard electrodes. From this analysis, it appears that the
results obtained with the first approach (electrode selection with BLDA-FS) exceed those obtained
with the general analysis (standard electrodes). This result indicates that it is possible to obtain good
performance without having a large amount of data, as in the general analysis. With less data, it is
possible to obtain similar accuracy results to the general analysis, as mentioned. On the other hand, if
the results obtained with the standard electrodes are taken into account, it can be seen that the results
are better from this approach.
When evaluating a dataset from parameters (electrodes) calculated based on the characteristics of
another dataset unknown to the first one, the results will most likely not reach a high accuracy value.
However, if these data are analyzed from standard electrodes selected, as indicated in Chapter 2, on
the basis of many studies showing that these electrodes better capture certain characteristics of the
signal; it is more likely that the results will be better than in the first case analyzed, as demonstrated




Approach Enobio Accuracy g-Tec accuracy
Standard - Cross-validation 12 57.93% 62.21%
Standard - Cross-validation 72 62.3% 68.75%
Inter-subject Analysis
Approach Enobio Accuracy g-Tec accuracy
Standard - Cross-validation 6 73.8% 77.22%
BLDA-FS - Cross-validation 6 75.88% 78.46%
Intra-subject Analysis
Approach Enobio Accuracy g-Tec accuracy
Standard - Cross-validation 2 61.12% 64.61%
Standard - Cross-validation 12 66.82% 70.43%
BLDA-FS - Cross-validation 2 72.02% 75.99%
BLDA-FS - Cross-validation 12 76.10% 79.34%
Can we generalize the model?
Approach Enobio Accuracy g-Tec accuracy
BLDA-FS - Cross-validation 24 64.12% 68.87%
Standard - Cross-validation 24 66.82% 70.42%
Table 4.10: Results summary.




Due to the importance of the P300-ERP as a key element in the interpretation of brain activity
during a cognitive process (van Dinteren et al., 2014), this project has attempted to elucidate how its
properties vary as a function of different factors related to the subject and the experimental features
used to obtain the signals. In order to analyze more clearly what was uncovered by the proposed
project, an experimental process was conducted with the aim of eliciting the P300 signal through the
oddball paradigm under the conditions explained in Section 1 of Chapter 3.
The results of the experiment were exhaustively analyzed to identify the individual characteristics
of the 12 subjects during the experiment and to analyze the variability that can be derived from the
data. Four of these experiments were conducted for this project, using two helmets: Enobio 8 and
g-Tec g. USBAmp, both with active and passive dry electrodes, respectively.
As a first approximation, a preliminary examination of the data is proposed in Section 1 of Chapter
4, for which the measure r2 is used. From this analysis it appears that there is a clear differentiation
of the P300 signal for most subjects, this is shown in Figures 4.1 and 4.2. In addition, a comparative
analysis between subjects and helmets is proposed, the results of which are shown in Figure 4.4. From
this analysis, it is found that there is a great similarity between the data of the same subjects in both
cases, but they are not identical. It is also found that certain subjects have low similarity with respect
to the other subjects, such as subjects 2, 8, 6, and 12.
From this analysis, as explained above, it was possible to identify a characteristic behavior or
pattern of behavior in certain subjects that allows them to be identified among the others, suggesting
that the individual characteristics observed in the subjects may be a ”fingerprint” that facilitates the
recognition of the subject, noting that the P300 ERP is an important signature in cognitive processes
(Linden, 2005).
The results of this analysis are consistent with the results of a second proposed exploratory analysis
using the BLDA algorithm to classify the data from each subject with both helmets. The Figure 4.5
shows the obtained results indicating that subjects 2, 6, and 8 have the highest accuracy in both cases,
in addition to subject 12 who also has high calculated accuracy values.
Through this analysis, it could be determined that the 3 subjects mentioned above provide the best
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accuracy results. It was also found that there are relevant differences between the different subjects as
well as between different helmets, supporting the theory of large variability between subjects, within
a subject, and between helmets.
To analyze the observed differences in more detail, a variability analysis with two helmets of dry
electrodes under certain aspects is proposed in Section 2.1 of Chapter 4. Therefore, in this project we
studied the variability using the different approaches that we describe in more detail below.
General Analysis approach
First, a general analysis is performed with standard electrodes in both helmets, classifying all
unified data without distinguishing subjects or experimental days. In this first result using cross-
validation 12, where the information of one of the subjects is completely excluded, accuracy values of
about 60% are obtained, as shown in Figure 4.6. In order to analyze how the obtained result changes
depending on the information considered for the classification, a performance of a cross-validation 72
considering the information of all the subjects is proposed, improving the previously obtained results
by about 5% as shown in Figure 4.7.
This shows that accuracy increases when the classification is adjusted to the characteristics of all
subjects that are part of the dataset. Excluding all the information of a subject in the cross-validation
reduces the performance of the classification because not all information is available, and the individ-
ual characteristics of that subject are not taken into account. However, this suggests that generalization
for P300 detection with data from other subjects is a complicated issue.
From this analysis, the accuracy results for both helmets under similar characteristics of the ex-
periment and analysis show no notable difference in P300 detection. This difference is about 5% in
both cases. However, due to the differences between the helmets used, such as the size and spatial
distribution of the electrodes, it is difficult to make a true comparison and it cannot be expected that
the similarities or differences between the results obtained with both helmets are invariant.
Inter-subject Variability approach
Another aspect that should be evaluated is the difference that exists between subjects, that is,
the inter-subject variability. To this end, a similar analysis was proposed in Section 2.2 of Chapter
4, which consists of determining the accuracy values for each subject independently using standard
electrodes. Following this analysis, it was found that although the standard electrodes provided good
results for some subjects such as subjects 1, 2, 3, 6, 8, and 9 for the Enobio helmet and subjects 2, 3, 6,
8, 10, and 12 for the g-Tec helmet, as shown in Figure 4.8, but did not provide good accuracy results
in all cases, suggesting that to maximize accuracy, it is necessary to perform an individual study for
each subject to determine the electrodes that best detect the analysis signal.
To this end, as in the previous case, a selection of electrodes was proposed by BLDA-FS. After
this analysis, it is found that the accuracy values calculated with these electrodes are higher, as shown
in Figures 4.10 and 4.11. Moreover, an optimal number of electrodes has been determined, which is
smaller than 8 in almost all cases, to achieve maximum accuracy and optimize the system, as shown
in Table 4.2.
This analysis has also made it possible to analyze the electrodes that are repeated the most in each
case. In the Enobio helmet, the main electrodes are Cz and Fpz, while in the g-Tec helmet it is the Pz
electrode. Electrodes from the frontal zone of the brain have shown great importance in (Changoluisa
et al., 2020), electrode Fz represent this involvement.In both cases, a large participation of the parietal
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lobe electrodes is observed, which is consistent with the literature highlighting the importance of these
electrodes in maximizing recognition accuracy.
In the present analysis, it is important to emphasize that considerations must be made to determine
the importance of an electrode. Each electrode must be normalized by assigning it an individual
weight appropriate to the conditions of the electrodes. Factors considered important in normalizing
electrodes include: rank order, which is the order in which electrodes appear; repetition, which is
the number of times an electrode is repeated compared to other subjects; and the relative accuracy
value each electrode provides. These three factors could define the weight that could be given to each
electrode to evaluate its importance more objectively, this should be considered for future studies.
The results of the general analysis allowed to evaluate the general performance at the level of
helmets from a different perspective. In this case the results obtained increase by about 10% with
respect to the previously analyzed cases, but the behavior pattern is maintained: the difference between
both helmets is not clear, and the g-Tec helmet shows slightly higher than the Enobio helmet.
Intra-subject variability approach
Finally, in Chapter 4, Section 2.2, an analysis of the differences that exist in the same subject on
the different experimental days is proposed, i.e., intra-subject variability analysis. The experiment
consisted of 3 experimental days with two sessions each, which will be analyzed individually. In a
first approximation, standard electrodes are used for classification.
From this analysis, it can be highlighted that, as observed in the previous case, this choice of
electrodes is useful for certain subjects, while for others it reduces accuracy, as it does not adapt
to their individual characteristics, as shown in Figures 4.13 and 4.15, suggesting that adaptation of
the methods used to evaluate the P300 signal is necessary for each individual subject as explained
in (Changoluisa et al., 2018, Changoluisa et al., 2020). It was quite possible to observe, after an
independent evaluation of each experimental day, that there were differences between the behaviors
of the same subject on different days, even though the experimental conditions were very similar.
Comparing these results with the general analysis, we find that on certain days and for certain
subjects the accuracy values are improved by these results, but this cannot be generalized for every
due to the individual differences of each day and subject.
To adapt the evaluation method for the P300 signal, as in the previous cases, a selection with
BLDA-FS is proposed, which allows the selection of the electrodes that best adapt to each experimen-
tal day. To this end, two considerations were made. The first consists of a cross-validation 2 in which
one session is used for training and the other for testing. Second, cross-validation 12 is proposed in
which 11 runs are considered for testing and only one for validation. In both cases, higher accuracy
values are observed compared to the first case analyzed with standard electrodes as shown in Figures
4.17 and 4.19. However, in the second case, where practically all runs are considered for training, a
significant improvement in accuracy results is observed. This because in this case most of the available
data is learned and the selected electrodes consider most of the features of both sessions per day.
After this analysis, the difference between the selected electrodes for each day was analyzed using
the Leveshtein distance, which, although it is a rather strict measure, allows us to quantify these
differences. The difference between the different days was found to be very large and in many cases
reached the maximum number of possible changes between electrodes, as shown in Figures 4.18 and
4.20. This result proves once again the large variability that can be observed even in the same subject
performing the same task at different times.
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This analysis has also made it possible to evaluate the behavior of the helmets on the different
days, obtaining similar results to those obtained previously as shown in Figures 4.14 and 4.16. For
day 1 and 3, the accuracy values of the g-Tec helmet are still slightly higher than in the case of the
Enobio helmet. On day 2, the Enobio helmet is slightly higher. However, the differences are not
remarkable in any case.
After analyzing the results obtained, it can be stated that variability exists between subjects and
within the same subject and has been demonstrated and characterized with the analyzes performed,
but it is important to consider other experimental characteristics that may affect the results obtained,
such as the case of the electrodes used for the experiments. While it is true that dry electrodes offer
some of the advantages described in Chapter 2, they also show certain limitations compared to wet
electrodes. Comparing the obtained results with similar studies measured with wet electrodes, such
as (Hoffmann et al., 2008, Changoluisa et al., 2020), it can be observed that the maximum accuracy
values are lower in comparison, which could be due to the electrodes used. Other electrode selection
methods can be used, such as the one proposed in Changoluisa et al., 2018, which has been shown
to improve accuracy while accounting for inter- and intra-subject variability to analyze how results
change.
Approach of the generalization of the model between days
As a final analysis, it was proposed in Chapter 4, Section 2.4 to perform an analysis of how the
model can be generalized for different days. For this analysis, as a first approximation, a selection of
electrodes using BLDA-FS over two experimental days is proposed to be evaluated on the third day,
the results of this analysis are shown in Figure 4.23. The results show that when evaluating a third
day, from selected electrodes of two unknown days, the accuracy obtained is 64.12% and 68.87% is
obtained for Enobio and g-Tec helmets, respectively. In a second approximation, the same analysis is
performed, in this case using standard electrodes. The results of this analysis of Figure 4.25, show that
a higher accuracy can be obtained when using standard electrodes (66.82% and 70.42% for Enobio
and g-Tec helmets, respectively) than when using the electrodes selected from an unknown data set.
A possible explanation for the observed results is explained in Section 2.4 of Chapter 4.
52
Bibliography
Alexander, J. E., Bauer, L. O., Kuperman, S., Morzorati, S., O’Connor, S. J., Rohrbaugh, J., Porjesz,
B., Begleiter, H., & Polich, J. (1996). Hemispheric differences for p300 amplitude from an
auditory oddball task. International Journal of Psychophysiology, 21(2), 189–196. https : / /
doi.org/10.1016/0167-8760(95)00047-X
Alexander, J. E., Porjesz, B., Bauer, L. O., Kuperman, S., Morzorati, S., O’connor, S. J., Rohrbaugh,
J., Begleiter, H., & Polich, J. (1995). P300 hemispheric amplitude asymmetries from a visual
oddball task. Psychophysiology, 32(5), 467–475. https://doi.org/10.1111/j.1469-8986.1995.
tb02098.x
Allison, B. Z., Wolpaw, E. W., & Wolpaw, J. R. (2007). Brain–computer interface systems: Progress
and prospects. Expert Review of Medical Devices, 4(4), 463–474. https://doi.org/10.1586/
17434440.4.4.463
Alwin, D. F. (1994). Aging, personality, and social change: The stability of individual differences over
the adult life span. Life-span development and behavior, vol. 12 (pp. 135–185). Lawrence
Erlbaum Associates, Inc.
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Kübler, A., Kotchoubey, B., Kaiser, J., Wolpaw, J. R., & Birbaumer, N. (2001). Brain–computer com-
munication: Unlocking the locked in. Psychological Bulletin, 127(3), 358–375. https://doi.
org/10.1037/0033-2909.127.3.358
Levenshtein, V. I. (1966). Binary codes capable of correcting deletions, insertions and reversals. Soviet
Physics Doklady, 10, 707. Retrieved March 10, 2021, from http://adsabs.harvard.edu/abs/
1966SPhD...10..707L
Li, F., Tao, Q., Peng, W., Zhang, T., Si, Y., Zhang, Y., Yi, C., Biswal, B., Yao, D., & Xu, P. (2020). Inter-
subject p300 variability relates to the efficiency of brain networks reconfigured from resting-
to task-state: Evidence from a simultaneous event-related EEG-fMRI study. NeuroImage, 205,
116285. https://doi.org/10.1016/j.neuroimage.2019.116285
Li, S., Aggen, S. H., Nesselroade, J. R., & Baltes, P. B. (2001). Short-term fluctuations in elderly peo-
ple’s sensorimotor functioning predict text and spatial memory performance: The macarthur
successful aging studies. Gerontology, 47(2), 100–116. https://doi.org/10.1159/000052782
Theoretical and experimental study of P300 ERP in the context of Brain-computer interfaces. 57
BIBLIOGRAPHY
Linden, D. E. J. (2005). The p300: Where in the brain is it produced and what does it tell us? The
Neuroscientist: A Review Journal Bringing Neurobiology, Neurology and Psychiatry, 11(6),
563–576. https://doi.org/10.1177/1073858405280524
Lu, J., Speier, W., Hu, X., & Pouratian, N. (2013). The effects of stimulus timing features on p300
speller performance. Clinical neurophysiology : official journal of the International Federa-
tion of Clinical Neurophysiology, 124(2), 306–314. https://doi.org/10.1016/j.clinph.2012.08.
002
Lu, S., Guan, C., & Zhang, H. (2008). Unsupervised brain computer interface based on inter-subject
information. 2008 30th Annual International Conference of the IEEE Engineering in Medicine
and Biology Society, 638–641. https://doi.org/10.1109/IEMBS.2008.4649233
Makella, J., & Jousmaki, V. (2001). Magnetoencephalography. Clinical Neurophysiology, 112, S26–
S27. https://doi.org/10.1016/S1388-2457(01)80017-1
Matsuo, T., Iinuma, K., & Esashi, M. (1973). A barium-titanate-ceramics capacitive-type EEG elec-
trode. IEEE Transactions on Biomedical Engineering, BME-20(4), 299–300. https://doi.org/
10.1109/TBME.1973.324197
Meir-Hasson, Y., Kinreich, S., Podlipsky, I., Hendler, T., & Intrator, N. (2014). An EEG finger-print
of fMRI deep regional activation. NeuroImage, 102 Pt 1, 128–141. https://doi.org/10.1016/j.
neuroimage.2013.11.004
Nam, C., Nijholt, A., & Lotte, F. (2014). Brain-computer interfaces handbook: Technological and
theoretical advances (Second).
Nesselroade, J. R., & Featherman, D. L. (1997). Establishing a reference frame against which to
chart age-related changes. Studying aging and social change: Conceptual and methodological
issues (pp. 191–205). Sage Publications, Inc.
Nijboer, F., Furdea, A., Gunst, I., Mellinger, J., McFarland, D. J., Birbaumer, N., & Kübler, A. (2008).
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Appendices




A.1 R2 calculation results.
This appendix contains the r2 calculation performed for each subject using 6 sessions for each in the
general analysis and 2 sessions per day during three experimental days for each subject in the analysis
per day for both helmets used.
A.1.1 Enobio Helmet
Figure A.1: R2 results of general analysis with Enobio helmet.
































Figure A.3: R2 results of general analysis with g-Tec helmet.
































This appendix contains the accuracy results for the analysis by days in both helmets, varying the
number of electrodes selected with BLDA-FS, with variations from 1 to 8. For each analyzed case,
the number of electrodes that allow reaching the maximum accuracy value was defined as the optimal
electrodes, this value is represented by the purple bar in the figures.
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APPENDIX B. RESULTS
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